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(57) ABSTRACT

Systems and methods for incident detection are provided. A
system for incident detection includes a network including at
least one detector for detecting events in the network, a detec-
tion module capable of processing data from the at least one
detector, and a calibration module capable of calibrating a
plurality of bands for the incident detection based on a plu-
rality of decision variables, wherein the plurality of bands
define thresholds that are time-varying for all measurement
locations in the network, and the thresholds are estimated
using nonparametric quantile regression.
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SYSTEM AND METHOD FOR INCIDENT
DETECTION WITH SPATIOTEMPORAL
THRESHOLDS ESTIMATED VIA
NONPARAMETRIC QUANTILE
REGRESSION

TECHNICAL FIELD

The field generally relates to systems and methods for
incident detection and, in particular, to systems and methods
for incident detection based on decision-tree algorithms, with
spatiotemporal thresholds on the variables that participate in
the decision-tree, estimated via nonparametric quantile
regression.

BACKGROUND

Automatic incident detection has become a relied on fea-
ture in command center operations. While various automatic
incident detection methods are known, existing methods are
unreliable due to excessive false alerts. In the past, data avail-
ability was more limited. Today, with the availability of better
and more real-time data and systems that can optimize and
re-optimize model parameters on a reasonably frequent
schedule (e.g., weekly), it is possible to develop better and
more robust methods for incident detection.

Since an important function of a command center is to
respond to incidents, it is anticipated that the embodiments of
the invention will be an important aspect of a modern com-
mand center toolkit.

SUMMARY

In general, exemplary embodiments of the invention
include systems and methods for incident detection and, in
particular, to systems and methods for incident detection
based on decision-tree algorithms, with spatiotemporal
thresholds on the variables that participate in the decision-
tree, estimated via nonparametric quantile regression.

According to an exemplary embodiment of the present
invention, a system for incident detection comprises a net-
work including at least one detector for detecting events in the
network, a detection module capable of processing data from
the at least one detector, and a calibration module capable of
calibrating a plurality of bands for the incident detection
based on a plurality of decision variables, wherein the plural-
ity of bands define thresholds that are time-varying for all
measurement locations in the network, and the thresholds are
estimated using nonparametric quantile regression.

According to an exemplary embodiment of the present
invention, a method for incident detection, comprises desig-
nating a plurality of decision variables for incident detection,
and calibrating a plurality of bands for the incident detection
based on the decision variables, wherein the plurality of
bands define thresholds that are time-varying for all measure-
ment locations in a network, and the thresholds are estimated
using nonparametric quantile regression.

According to an exemplary embodiment of the present
invention, an article of manufacture comprises a computer
readable storage medium comprising program code tangibly
embodied thereon, which when executed by a computer, per-
forms method steps for incident detection, the method steps
comprising designating a plurality of decision variables for
incident detection, and calibrating a plurality of bands for the
incident detection based on the decision variables, wherein
the plurality of bands define thresholds that are time-varying
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for all measurement locations in a network, and the thresholds
are estimated using nonparametric quantile regression.

These and other exemplary embodiments of the invention
will be described or become apparent from the following
detailed description of exemplary embodiments, which is to
be read in connection with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

Exemplary embodiments of the present invention will be
described below in more detail, with reference to the accom-
panying drawings, of which:

FIG. 1 shows a decision tree for California algorithm 7.

FIG. 2 shows decision trees for a customized algorithm that
is based on two decision variables from a single detector,
according to an exemplary embodiment of the invention.

FIG. 3 is a graph of decision-bands for shocks in occupan-
cies based on nonparametric quantile regression for a mea-
surement location in the urban road network of the center of
a city, according to an embodiment of the present invention.

FIG. 4 is a flow diagram of a method for incident detection
according to an exemplary embodiment of the present inven-
tion.

FIG. 5 is a high-level diagram of a system for incident
detection according to an exemplary embodiment of the
present invention.

FIG. 6 illustrates a computer system in accordance with
which one or more components/steps of the techniques of the
invention may be implemented, according to an exemplary
embodiment of the invention.

DETAILED DESCRIPTION OF EXEMPLARY
EMBODIMENTS

Exemplary embodiments of the invention will now be dis-
cussed in further detail with regard to systems and methods
for incident detection and, in particular, to systems and meth-
ods for incident detection with spatiotemporal thresholds
estimated via nonparametric quantile regression. This inven-
tion may, however, be embodied in many different forms and
should not be construed as limited to the embodiments set
forth herein.

Embodiments of the present invention provide methods
and systems for determining thresholds in decision-tree based
approaches for incident detection. For each decision variable,
a location-specific band of time-varying width is created
using nonparametric quantile regression. Incident alarms and
detections are characterized by the presence of decision-vari-
able related data outside their bands. The embodiments of the
present invention provide: a) calibration of an algorithm
which is not location specific; irrespective of the number of
measurement locations in a network (e.g., road network),
with k decision variables the modeler needs to calibrate at
most 2k+2 parameters; b) depending on the chosen decision
variables, the algorithm may distinguish between incidents
that occur upstream or downstream with respect to a mea-
surement location; ¢) the proposed method accounts for pos-
sible asymmetries in the distributions of the decision vari-
ables, in contrast with previous approaches that construct
bands based on multiples of standard deviations; d) the
method is straightforward in its implementation, in contrast to
approaches based on pattern recognition and machine learn-
ing; furthermore it allows complete freedom with regard to
the decision variables which can be arbitrary functions of
variables of the subject network (e.g., traffic).

Embodiments of the present invention are applicable to
transportation networks, but are not limited thereto, and can
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be applied to other network types as well, including, but not
limited to spatially disaggregated data networks, water net-
works, electricity networks, etc. In connection with the trans-
portation network example, in general, embodiments of the
present invention take real-time traffic data and perform
checks to determine whether alert(s) should be provided or
created, and if the alert(s) persist at the next time traffic data
is received, then it is determined whether a detection should
be issued.

Embodiments of the present invention use, for example,
detectors or sensors, which detect traffic levels. For example,
and without limitation, inductive loops, which are fixed and
record the passage of every vehicle over the loop, and/or
global positioning system (GPS) tags on vehicles that record
speeds, can be used. However, the embodiments are not lim-
ited to the above detection devices.

The term “occupancy” or “occupancy level” as used herein
can referto a traffic parameter recorded by the fixed sensors or
detectors, and can be defined as a percentage of time that a
road is occupied over a given time interval. For example,
given a S-minute interval, the occupancy is the percentage of
time over that S-minute interval that the road is occupied.
Occupancy is used in connection with the embodiments of the
present invention. As alternatives, other variables may be
used, such as, for example, speed.

The term “shock in occupancy™ or “occupancy shock™ as
used herein can refer to a temporal difference at a single
location of an occupancy (e.g., occ,—occ, ;).

Incident detection algorithms based on traffic data from
fixed sensors can be classified into a relatively large number
ofclasses. Some of the classifications include, for example: a)
comparative algorithms based on decision-trees that use a set
of decision variables and a set of thresholds (e.g., location
specific) to classify a traffic state in a particular location as
incident free, potential incident or incident; b) time-series
approaches, based on accurate forecasting models of traffic
variables; in this case incident detection occurs when detector
measurements deviate significantly from the corresponding
forecasted values; and c) artificial intelligence algorithms
typically based on fuzzy logic and/or neural networks.

Embodiments of the present invention relate to the com-
parative algorithms based on decision-trees noted in a) above.
An example of a known comparative algorithm based on
decision-trees is the California algorithm 7; its structure
being depicted in FIG. 1. Decision tree algorithms as used
herein are based on decision variables and thresholds on these
decision variables.

DOCC denotes downstream occupancy observed at time t
(i.e., occ,%), OCCDF represents a spatial difference in occu-
pancies between a set of (upstream and downstream) detec-
tors (i.e., occ“~occ,”) and OCCRDF is the relative spatial
difference in occupancies (i.e., (occ,“—occ,%)/oce), where u
and d represent upstream and downstream, respectively. T1,
T2 and T3 represent thresholds for DOCC, OCCDF and
OCCRDYF, respectively, and the state variable takes on four
values: 0 (incident-free), 1 (potential incident), 2 (incident
occurred) and 3 (incident continuing).

Referring to FIG. 1, if state=1 is determined to be true,
following line T (“true”), then an alarm for a potential inci-
dent has been detected, and it is queried whether there has
been an alarm for the occurrence of the incident (state=2), and
if deemed true, it is further queried whether the relative spatial
difference in occupancies OCCRDF is equal to or exceeds
threshold T2 to conclude detection of a continuing incident 3,
or if less than threshold T2 to conclude incident-free 0. If
state=2 is not deemed to be true, following line F (‘false™), it
is further queried whether the relative spatial difference in
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occupancies OCCRDF is equal to or exceeds threshold T2 to
conclude detection of a potential incident 2, or if less than
threshold T2 to conclude incident-free 0. If state=1 is deter-
mined to be false, then it is queried whether a spatial differ-
ence in occupancies between a set of upstream and down-
stream detectors OCCDF is equal to or exceeds threshold T1.
It no, there is a conclusion of “incident free” 0. If yes, then it
is queried whether the relative spatial difference in occupan-
cies OCCRDF is equal to or exceeds threshold T2. If no, there
is a conclusion of “incident free” 0. If yes, then it is further
queried whether downstream occupancy observed at time t
DOCC is equal to or exceeds threshold T3. If no, there is a
conclusion of “incident free” 0. If yes, there is a conclusion of
detection of a potential incident 1.

Effective calibration of the above algorithm essentially
requires substantial spatio-temporal variability in T1, T2 and
T3. For instance, T2 is expected to differ substantially when
a downstream detector is placed in a bottleneck as opposed to
the case when the bottleneck is located upstream. A tedious
calibration procedure is required for the effective implemen-
tation of algorithms like the one presented above.

Embodiments of the present invention describe methods
and systems that aim to eliminate the tedious calibration
procedures by requiring calibration for a small number of
parameters while accounting for the spatiotemporal variabil-
ity of the variables that are included in the decision tree. More
specifically, embodiments of the present invention relate to
systems and methods of having location specific and tempo-
rally dynamic thresholds. For example, referring to the
thresholds T1, T2 and T3 from FIG. 1, due to the tedious
nature of the calibrations procedures, known methods utilize
static location specific thresholds fixed across all time inter-
vals (e.g., a fixed occupancy level at alocation that is the same
regardless of time), which are based on fixed quantiles of the
traffic data. As per embodiments of the present invention,
tedious calibration procedures are eliminated using statistical
techniques described further below so that the thresholds used
are location specific and temporally dynamic. As a result,
embodiments of the present invention, which utilize tempo-
rally dynamic thresholds, can optimize the traffic data and
limit false alerts.

In accordance with an embodiment of the present inven-
tion, a method uses a decision tree algorithm that is based on
data from a single detector. The algorithm uses two decision
variables and is depicted in FIG. 2. It is to be understood that
embodiments of the present invention are not limited to the
decision tree algorithm shown in FIG. 2, and other decision
tree algorithms having more or less variables may be used.
Referring to FIG. 2, the two decision variables are
diffocc=occ,~occ, ; representing shocks in occupancy
observed at time t, and occ=occ, representing observed occu-
pancy level at time t.

In the case of FIG. 2, the variable state takes on 7 values: 0
(incident-free), 1 (potential incident downstream), 2 (incident
identified downstream), 3 (identified incident continuing
downstream), —1 (potential incident upstream), -2 (incident
identified upstream) and -3 (identified incident continuing
upstream). An incident can be deemed to have occurred if data
(e.g., occupancy) falls outside of specific band determined by
the location specific and temporally dynamic thresholds. The
algorithm looks for sufficiently large shocks in occupancies
which bring occupancy levels outside a band, to trigger detec-
tion. Occupancy, specifically, shock in occupancy and occu-
pancy level, is used in this example as the decision variable
because in some cases it can lead to superior detection per-
formance when compared to other decision variables. How-
ever, the embodiments of the present invention are not limited
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to occupancy as the decision variable, and other variables,
such as, for example, the ratio of volumes to occupancies can
be used.

According to embodiments of the present invention, cali-
bration of the bands for incident detection is performed. The
bands define the thresholds which vary based on the time of
day. For each measurement location diffocc=occ,—occ, |, rep-
resents shocks in occupancy observed at time t whereas
occ=occ, represents observed occupancy levels. In contrast to
the algorithm described in connection with FI1G. 1, the thresh-
olds in FIG. 2 are time-varying and for all measurement
locations of the network, based on six parameters (i.e., 2k+2,
where k is the number of decision variables).

In accordance with embodiments of the present invention,
a quantile refers to a point from the cumulative distribution
function (CDF) of the traffic variable (occupancy, in this
example). In other words, the kth occupancy quantile is the
value x such that the probability that the occupancy is less
than x is at most k/100 and the probability that the occupancy
exceeds x is atmost 1-(k/100). The six parameters are defined
as follows: T, T, (wWitht,<t,) are specific quantiles for shocks
in occupancies (see FIG. 3 where T,, T, over time are repre-
sented by lower and upper curves, respectively), T, T, (with
T5,<1,) are specific quantiles for occupancies and the last two
parameters, denoted A, A,, control the degree of smoothness
of'the functions, Q,, Q,. In accordance with an embodiment
of the present invention, functions, Q,, Q, are time varying.

Q,(tlt) is the conditional quantile function for shocks in
occupancies, whereas Q,(tlt) is the conditional quantile func-
tion for levels of occupancies. These functions can be con-
structed using a known nonparametric quantile regression
framework, such as, for example, the nonparametric quantile
regression framework presented in Koenker, R., Quantile
Regression, Chap. 7 (Cambridge University Press, 2005).
The width of the bands that are based on Q, and Q, depend on
the difference (t,-7,) and (t,-7;), respectively, and the vari-
ability of the location-specific decision variables; hence
width of the bands that are based on Q, and Q,, respectively,
is time-dependent and location-specific.

FIG. 3 depicts an example of such decision bands, based on
data from a particular measurement location on an urban road
network in the center of a city. Specifically, FIG. 3 is a graph
of decision-bands for shocks in occupancies based on non-
parametric quantile regression for a measurement location in
the urban road network of the center of a city. The horizontal
(x) axis represents a time of day, and the vertical (y) axis
represents a size of a shock. The depicted traffic data corre-
sponds to a 12-hour period that contains morning peak.

As can be observed, the width of the band (i.e., T,~T;) is
substantially reduced during the early morning (to the left on
the graph) as occupancies display less variability during this
period. Similarly, the corresponding band for a measurement
location with substantially more variable traffic dynamics
than the one shown in FIG. 3 would have been wider.

Referring to FIG. 3, the points outside of the band (i.e., on
top of and under the curves) represent potential incidences,
and points within the bands (i.e., between the curves) are
points where shocks have not been triggered.

Referring back to FIG. 2, if state=1 is determined to be true,
following line T (“true”), then an alarm for a potential inci-
dent downstream has been detected, and it is queried whether
there has been an alarm for an incident identified downstream
(state=2), and if deemed true, it is further queried whether the
observed occupancy level occ at a time t exceeds the condi-
tional quantile function for levels of occupancies Q,(t,lt)
(i.e., falling outside the band) to conclude detection of an
identified incident continuing downstream 3, or if less than
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this temporally dynamic threshold to conclude incident-free O
(i.e., falling inside the band). If state=2 is not deemed to be
true, following line F (‘false™), it is further queried whether
the observed occupancy level occ at time t exceeds the con-
ditional quantile function for levels of occupancies Q,(t,It)
(i.e., falling outside the band) to conclude detection of an
incident identified downstream 2, or if less than this tempo-
rally dynamic threshold to conclude incident-free 0 (i.e., fall-
ing inside the band). If state=1 is determined to be false, then
it is queried whether a shock in occupancy observed at time t
diffocc=occ, —occ, | is greater than the conditional quantile
function for shocks in occupancies Q, (T, It) (i.e., falling out-
side the band). If no, there is a conclusion of incident-free 0.
If'yes, then it is queried whether the observed occupancy level
occ at time t exceeds the conditional quantile function for
levels of occupancies Q,(t,It) (i.e., falling outside the band)
to conclude detection of a potential incident downstream 1, or
if less than this temporally dynamic threshold to conclude
incident-free O (i.e., falling inside the band).

If state=-1 is determined to be true, following line T
(“true”), then an alarm for a potential incident upstream has
been detected, and it is queried whether there has been an
alarm for an incident identified upstream (state=-2), and if
deemed true, it is further queried whether the observed occu-
pancy level occ ata time t is less than the conditional quantile
function for levels of occupancies Q,(t,1t) (i.e., falling out-
side the band) to conclude detection of an identified incident
continuing upstream -3, or if greater than this temporally
dynamic threshold to conclude incident-free O (i.e., falling
inside the band). If state<-2 is not deemed to be true, follow-
ing line F (‘false™), it is further queried whether the observed
occupancy level occ at time t is less than the conditional
quantile function for levels of occupancies Q,(t;lt) (i.e., fall-
ing outside the band) to conclude detection of an incident
identified upstream -2, or if greater than this temporally
dynamic threshold to conclude incident-free O (i.e., falling
inside the band). If state<-1 is determined to be false, then it
is queried whether a shock in occupancy observed at time t
diffocc=occ,~occ, | is less than the conditional quantile func-
tion for shocks in occupancies Q, (T, It) (i.e., falling outside
the band). Ifno, there is a conclusion of incident-free 0. If yes,
then it is queried whether the observed occupancy level occ at
time t is less than the conditional quantile function for levels
of occupancies Q,(t;lt) (i.e., falling outside the band) to
conclude detection of a potential incident upstream -1, or if
greater than this temporally dynamic threshold to conclude
incident-free O (i.e., falling inside the band).

A simplified approach of band construction based on fixed
multiples of time dependent standard deviations could be
used. However, such a choice may not lead to satisfactory
results when the decision variables are asymmetric/skewed.

In accordance with an embodiment of the present inven-
tion, for a decision-tree algorithm that is based on k decision
variables, calibration of at most 2k+2 parameters is required.
In general, such calibration can be performed based on a set
that contains both incident and incident free traffic data.
Given a maximum allowed false alarm rate, the chosen
parameters can maximize detection rate. According to an
embodiment of the present invention, a grid-search procedure
can be invoked to maximize detection rate. In the example
displayed above, T, and T, can be chosen to comply with a set
ofreported incident durations. Incident duration is dictated by
occupancy levels that lie outside their band after a significant
shock has been detected. Lambdas can be chosen using a
roughness penalty approach, as in Koenker (2005) and t,, T,
can be chosen so that the detection rate is maximized for a
given false alarm rate.
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The illustrated methods according to embodiments of the
present invention not only allow detection of an incident at its
epicenter, but can track the spatio-temporal evolution of inci-
dent effects. In addition, using the methods of the embodi-
ments, with additional quantiles, permits characterization of
incidents in terms of severity. For example, given a detected
incident from the decision trees presented FIG. 2, if occ>t,,
witht,>1,, incident effects may be characterized as severe for
the specific time instant and at the specific location of the road
network.

Referring to FIG. 4, a method for incident detection 400
according to an exemplary embodiment of the present inven-
tion includes designating a plurality of decision variables for
incident detection (Step 402), and calibrating a plurality of
bands for the incident detection based on the decision vari-
ables (Step 404). The plurality of bands define thresholds that
are time-varying for all measurement locations in a network,
and the thresholds are estimated using nonparametric quan-
tile regression.

Calibration is performed using 2k+2 parameters, and
wherein k is the number of decision variables. The method
further includes detecting occurrence of an event at a time t
(Step 406), and querying whether the event falls outside a
band of the plurality of bands to determine whether an inci-
dent has occurred (Step 408). By determining whether an
event falls above or below a band, the determination of an
occurrence of a downstream incident and an occurrence of an
upstream incident in the network is performed using a same
band. Querying whether the event falls outside a band of the
plurality of bands is performed by querying whether the event
is less than or greater than a conditional quantile function for
a decision variable to determine whether the incident has
occurred.

Referring to FIG. 5, a system 500 for incident detection
according to an exemplary embodiment of the present inven-
tion comprises a network 501 (e.g., traffic network) including
detectors 502 for detecting events at various points (e.g.,
upstream and downstream portions on a road) in the network
501, a detection module 504 capable of processing data from
the detectors 502, and a calibration module 508 capable of
calibrating a plurality of bands for the incident detection
based on a plurality of decision variables. The plurality of
bands define thresholds that are time-varying for all measure-
ment locations in the network 501, and the thresholds are
estimated using nonparametric quantile regression.

The calibration module 508 performs the calibration using
2k+2 parameters, and wherein k is the number of decision
variables. The detection module 504 processes the data from
a detector to detect occurrence of an event at a time t, and the
system further comprises a determination module 506
capable of querying whether the event falls outside a band of
the plurality of bands to determine whether an incident has
occurred. More specifically, the determination module 506
queries whether the event is less than or greater than a con-
ditional quantile function for a decision variable to determine
whether the incident has occurred. By determining whether
an event falls above or below a band, the determination mod-
ule 506 can use a same band of'the plurality of bands to make
a determination of an occurrence of a downstream incident
and an occurrence of an upstream incident in the network 501.

As will be appreciated by one skilled in the art, aspects of
the present invention may be embodied as a system, appara-
tus, method, or computer program product. Accordingly,
aspects of the present invention may take the form of an
entirely hardware embodiment, an entirely software embodi-
ment (including firmware, resident software, micro-code,
etc.) or an embodiment combining software and hardware
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aspects that may all generally be referred to herein as a “cir-
cuit,” “module” or “system.” Furthermore, aspects of the
present invention may take the form of a computer program
product embodied in one or more computer readable
medium(s) having computer readable program code embod-
ied thereon.

Any combination of one or more computer readable medi-
um(s) may be utilized. The computer readable medium may
be a computer readable signal medium or a computer read-
able storage medium. A computer readable storage medium
may be, for example, but not limited to, an electronic, mag-
netic, optical, electromagnetic, infrared, or semiconductor
system, apparatus, or device, or any suitable combination of
the foregoing. More specific examples (a non-exhaustive list)
of the computer readable storage medium would include the
following: an electrical connection having one or more wires,
a portable computer diskette, a hard disk, a random access
memory (RAM), a read-only memory (ROM), an erasable
programmable read-only memory (EPROM or Flash
memory), an optical fiber, a portable compact disc read-only
memory (CD-ROM), an optical storage device, a magnetic
storage device, or any suitable combination of the foregoing.
In the context of this document, a computer readable storage
medium may be any tangible medium that can contain, or
store a program for use by or in connection with an instruction
execution system, apparatus, or device.

A computer readable signal medium may include a propa-
gated data signal with computer readable program code
embodied therein, for example, in baseband or as part of a
carrier wave. Such a propagated signal may take any of a
variety of forms, including, but not limited to, electro-mag-
netic, optical, or any suitable combination thereof. A com-
puter readable signal medium may be any computer readable
medium that is not a computer readable storage medium and
that can communicate, propagate, or transport a program for
use by or in connection with an instruction execution system,
apparatus, or device.

Program code embodied on a computer readable medium
may be transmitted using any appropriate medium, including
but not limited to wireless, wireline, optical fiber cable, RF,
etc., or any suitable combination of the foregoing.

Computer program code for carrying out operations for
aspects of the present invention may be written in any com-
bination of one or more programming languages, including
an object oriented programming language such as Java,
Smalltalk, C++ or the like and conventional procedural pro-
gramming languages, such as the “C” programming language
or similar programming languages. The program code may
execute entirely on the user’s computer, partly on the user’s
computer, as a stand-alone software package, partly on the
user’s computer and partly on a remote computer or entirely
on the remote computer or server. In the latter scenario, the
remote computer may be connected to the user’s computer
through any type of network, including a local area network
(LAN) or a wide area network (WAN), or the connection may
be made to an external computer (for example, through the
Internet using an Internet Service Provider).

Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems) and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations and/
or block diagrams, and combinations of blocks in the flow-
chart illustrations and/or block diagrams, can be imple-
mented by computer program instructions. These computer
program instructions may be provided to a processor of a
general purpose computer, special purpose computer, or other
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programmable data processing apparatus to produce a
machine, such that the instructions, which execute via the
processor of the computer or other programmable data pro-
cessing apparatus, create means for implementing the func-
tions/acts specified in the flowchart and/or block diagram
block or blocks.

These computer program instructions may also be stored in
a computer readable medium that can direct a computer, other
programmable data processing apparatus, or other devices to
function in a particular manner, such that the instructions
stored in the computer readable medium produce an article of
manufacture including instructions which implement the
function/act specified in the flowchart and/or block diagram
block or blocks.

The computer program instructions may also be loaded
onto a computer, other programmable data processing appa-
ratus, or other devices to cause a series of operational steps to
be performed on the computer, other programmable appara-
tus or other devices to produce a computer implemented
process such that the instructions which execute on the com-
puter or other programmable apparatus provide processes for
implementing the functions/acts specified in the flowchart
and/or block diagram block or blocks.

FIGS. 2-5 illustrate the architecture, functionality, and
operation of possible implementations of systems, methods,
and computer program products according to various
embodiments of the present invention. In this regard, each
block in a flowchart or a block diagram may represent a
module, segment, or portion of code, which comprises one or
more executable instructions for implementing the specified
logical function(s). It should also be noted that, in some
alternative implementations, the functions noted in the block
may occur out of the order noted in the figures. For example,
two blocks shown in succession may, in fact, be executed
substantially concurrently, or the blocks may sometimes be
executed in the reverse order, depending upon the function-
ality involved. It will also be noted that each block of the
block diagram and/or flowchart illustration, and combina-
tions of blocks in the block diagram and/or flowchart illus-
tration, can be implemented by special purpose hardware-
based systems that perform the specified functions or acts, or
combinations of special purpose hardware and computer
instructions.

One or more embodiments can make use of software run-
ning on a general-purpose computer or workstation. With
reference to FIG. 6, in a computing node 610 there is a
computer system/server 612, which is operational with
numerous other general purpose or special purpose comput-
ing system environments or configurations. Examples of
well-known computing systems, environments, and/or con-
figurations that may be suitable for use with computer sys-
teny/server 612 include, but are not limited to, personal com-
puter systems, server computer systems, thin clients, thick
clients, handheld or laptop devices, multiprocessor systems,
microprocessor-based systems, set top boxes, programmable
consumer electronics, network PCs, minicomputer systems,
mainframe computer systems, and distributed cloud comput-
ing environments that include any of the above systems or
devices, and the like.

Computer system/server 612 may be described in the gen-
eral context of computer system executable instructions, such
as program modules, being executed by a computer system.
Generally, program modules may include routines, programs,
objects, components, logic, data structures, and so on that
perform particular tasks or implement particular abstract data
types. Computer system/server 612 may be practiced in dis-
tributed cloud computing environments where tasks are per-
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formed by remote processing devices that are linked through
a communications network. In a distributed cloud computing
environment, program modules may be located in both local
and remote computer system storage media including
memory storage devices.

As shown in FIG. 6, computer system/server 612 in com-
puting node 610 is shown in the form of a general-purpose
computing device. The components of computer system/
server 612 may include, but are not limited to, one or more
processors or processing units 616, a system memory 628,
and a bus 618 that couples various system components
including system memory 628 to processor 616.

The bus 618 represents one or more of any of several types
of bus structures, including a memory bus or memory con-
troller, a peripheral bus, an accelerated graphics port, and a
processor or local bus using any of a variety of bus architec-
tures. By way of example, and not limitation, such architec-
tures include Industry Standard Architecture (ISA) bus,
Micro Channel Architecture (MCA) bus, Enhanced ISA
(EISA) bus, Video Electronics Standards Association
(VESA) local bus, and Peripheral Component Interconnects
(PCI) bus.

The computer system/server 612 typically includes a vari-
ety of computer system readable media. Such media may be
any available media that is accessible by computer system/
server 612, and it includes both volatile and non-volatile
media, removable and non-removable media.

The system memory 628 can include computer system
readable media in the form of volatile memory, such as ran-
dom access memory (RAM) 630 and/or cache memory 632.
The computer system/server 612 may further include other
removable/non-removable, volatile/nonvolatile computer
system storage media. By way of example only, storage sys-
tem 634 can be provided for reading from and writing to a
non-removable, non-volatile magnetic media (not shown and
typically called a “hard drive”). Although not shown, a mag-
netic disk drive for reading from and writing to a removable,
non-volatile magnetic disk (e.g., a “floppy disk™), and an
optical disk drive for reading from or writing to a removable,
non-volatile optical disk such as a CD-ROM, DVD-ROM or
other optical media can be provided. In such instances, each
can be connected to the bus 618 by one or more data media
interfaces. As depicted and described herein, the memory 628
may include at least one program product having a set (e.g., at
least one) of program modules that are configured to carry out
the functions of embodiments of the invention. A program/
utility 640, having a set (at least one) of program modules
642, may be stored in memory 628 by way of example, and
not limitation, as well as an operating system, one or more
application programs, other program modules, and program
data. Each of the operating system, one or more application
programs, other program modules, and program data or some
combination thereof, may include an implementation of a
networking environment. Program modules 642 generally
carry out the functions and/or methodologies of embodiments
of the invention as described herein.

Computer system/server 612 may also communicate with
one or more external devices 614 such as a keyboard, a
pointing device, a display 624, etc., one or more devices that
enable a user to interact with computer system/server 612,
and/or any devices (e.g., network card, modem, etc.) that
enable computer system/server 612 to communicate with one
or more other computing devices. Such communication can
occur via Input/Output (I/0) interfaces 622. Still yet, com-
puter system/server 612 can communicate with one or more
networks such as a local area network (LAN), a general wide
area network (WAN), and/or a public network (e.g., the Inter-
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net) via network adapter 620. As depicted, network adapter
620 communicates with the other components of computer
system/server 612 via bus 618. It should be understood that
although not shown, other hardware and/or software compo-
nents could be used in conjunction with computer system/
server 612. Examples, include, but are not limited to: micro-
code, device drivers, redundant processing units, external
disk drive arrays, RAID systems, tape drives, and data archi-
val storage systems, etc.

Although illustrative embodiments of the present invention
have been described herein with reference to the accompany-
ing drawings, it is to be understood that the invention is not
limited to those precise embodiments, and that various other
changes and modifications may be made by one skilled in the
art without departing from the scope or spirit of the invention.

We claim:

1. A method for incident detection, the method comprising:

designating a plurality of decision variables for incident

detection;

detecting, at a predetermined location over a predeter-

mined time period, data for determining the plurality of
decision variables;

determining the plurality of decision variables over the

predetermined time period;
calibrating a plurality of bands for the incident detection
based on the determined decision variables, wherein:
the plurality of bands define thresholds that are time-
varying for all measurement locations in a network;
and
the thresholds are estimated using nonparametric quan-
tile regression;
detecting data corresponding to a decision variable at a
particular time t;

determining the decision variable at the time t;

querying whether the decision variable at the time t falls
outside a band of the plurality of bands to determine
whether an incident has occurred; and

issuing an alert in response to a determination that the

incident has occurred;

wherein the querying comprises comparing the decision
variable at the time t with a time-varying threshold
defined by the band at the time t;
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wherein the detecting is performed by at least one sen-
sor;

wherein the sensor records occupancy at the predeter-
mined location over the predetermined time period by
recording a passage of each traveling element on the
network over a fixed loop;

wherein the alert is issued at a command center capable
of responding to the incident; and

wherein one or more steps of the method are performed
by a computer system comprising a memory and at
least one processor coupled to the memory.

2. The method according to claim 1, wherein a determina-
tion of an occurrence of a downstream incident and an occur-
rence of an upstream incident in the network is performed
using a same band of the plurality of bands.

3. The method according to claim 1, wherein at least two
thresholds respectively comprise upper and lower limits of a
band of the plurality of bands and a width of the band is
variable over time.

4. The method according to claim 1, wherein the decision
variables represent a shock in occupancy and an occupancy
level at a time.

5. The method according to claim 4, wherein calibration is
performed using a plurality of parameters, wherein first and
second parameters are quantiles for shocks in occupancies,
and third and fourth parameters are quantiles for occupancy
levels.

6. The method according to claim 5, wherein fifth and sixth
parameters control a degree of smoothness for respective
conditional quantile functions for the shocks in occupancies
and the occupancy levels.

7. The method according to claim 1, wherein:

the comparing comprises determining whether the deci-

sion variable at the time t is less than or greater than a
conditional quantile function for the decision variable to
determine whether the incident has occurred.

8. The method according to claim 1, further comprising
utilizing variable state values representing both upstream and
downstream incidents in the network.
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